Introduction {#Sec1}
============

Gambling is widely viewed as a legitimate and socially acceptable leisure activity (Calado and Griffiths [@CR13]; Stucki and Rihs-Middel [@CR59]). However, gambling has also been identified as being addictive and problematic with severe negative consequences, to the extent that some individuals experience harm as a result of their gambling behaviour (Currie et al. [@CR17]; Langham et al. [@CR36]; Splevins et al. [@CR57]). Gambling addiction was initially defined as an impulse control disorder in the *Diagnostics and Statistical Manual of Mental Disorders*, DSM-III (American Psychiatric Association (APA) [@CR3]) and reclassified in DSM-V (APA [@CR4]) as a behavioural addiction (for a discussion see Hasin et al. [@CR30]). Further, gambling addiction (pathological gambling) has been recognised as one of the most difficult disorders to treat (Volberg [@CR65]), with evidence suggesting that it has become a problem for many countries across the globe. A recent systematic review found that the prevalence of problem gambling across the world was up to 5.8% with varying estimates across different countries (Calado and Griffiths [@CR13]). The associated negative social and health consequences of problem gambling have made gambling a major public policy agenda in many developed countries, and the legalisation and licencing of gambling venues have therefore been considered public health concerns in countries such as the United States, Australia and the United Kingdom (Korn et al. [@CR35]; Levens et al. [@CR39]; Shaffer and Korn [@CR56]).

Blaszczynski and Nower ([@CR10]) introduce a pathway model of problem gambling where three groups were identified. Group 1 are the 'Behavioural Conditioned', whose pathway to problem gambling is characterised by environmental factors such as the social context and a family history of gambling, among others. Group 2 are the 'Emotionally Vulnerable', whose pathway is characterised by mood disorders such as depression and anxiety, and Group 3, 'Antisocial Impulsivists', are characterised by various personality disorders. In this paper, we contribute to understanding the factors that play a role in the Behavioural Conditioned pathway, with a focus on the impact of local area/neighbourhood effects. We contribute to the literature by examining the impact of ethnic diversity on gambling. Alongside the increasing prevalence of gambling, local communities around the world are increasingly becoming diverse, and the implications of this diversity have been the focus of a growing body of research (Akay et al. [@CR1]; Dincer [@CR20]; Easterly and Levine [@CR24]). We argue that the level of ethnic diversity within a community is likely to influence gambling behaviour given different cultures have different attitudes to gambling (Raylu and Oei [@CR52]).

Conceptually, ethnic diversity could be negatively or positively associated with gambling, and thus understanding the relationship between ethnic diversity and gambling is an empirical task. Consistent with a negative association, ethnic diversity has been shown to influence social capital, an important factor that plays a role in gambling decisions. Existing research has demonstrated a negative association between ethnic diversity and social capital (Awaworyi Churchill [@CR6]; Dincer [@CR20]; Dinesen and Sønderskov [@CR21]). Social capital plays an important role in shaping the social environment, which may either promote or discourage gambling. For instance, with lower social capital that engenders social isolation, individuals might find ways to cope with isolation and this could drive them towards gambling and other addictive behaviours (McQuade and Gill [@CR43]; Thomas et al. [@CR62]). Further, people may gamble more when they do so with acquaintances or play in groups (Griffiths and Barnes [@CR29]; Rogers and Webley [@CR54]). Thus, peer effects linked with social capital play significant roles in influencing gambling behaviour (Bursztyn et al. [@CR12]; Rogers [@CR53]).

The increase in problem gambling is often linked to the supply of opportunities to gamble. For example, Marshall ([@CR42]) shows that at the local area level, gambling behaviours can be linked to the availability of electronic gaming machines, which is known to be correlated with local area deprivation (Wardle et al. [@CR68]). Higher levels of ethnic diversity have been shown to hinder collective action (see, e.g., Glennerster et al. [@CR27]). Thus, even if gambling addiction is found to negatively influence wellbeing, the lack of collaboration associated with higher diversity could hinder collective action (from non-gamblers and policymakers) aimed at efforts to reduce the supply of gaming machines within a community. On the other hand, ethnic and cultural diversity is positively associated with higher wages and productivity through its effects on innovation (Hewlett et al. [@CR31]; Ottaviano and Peri [@CR48]; Trax et al. [@CR63]). Thus, with higher wages resulting from cultural and ethnic diversity, the socio-economic gap narrows and financial challenges are less likely to drive people towards gambling, given that gambling is known to be higher among lower socio-economic groups (Brown et al. [@CR11]; Clotfelter and Cook [@CR15]; van der Maas [@CR64]).

Our study is based in Australia, which makes for an important case study given that it is one of the most diverse countries in the world. The most recent Australian census shows that 26% of the Australian population were born overseas while about 50% of the population were either born overseas or have at least one parent who was born overseas (Australian Bureau of Statistics [@CR5]). More importantly, gambling is a popular activity and a significant public health issue in Australia. Recent surveys show annual gambling participation prevalence of about 64% and up to 74% for some Australian states and territories (Davidson et al. [@CR18]; Dowling et al. [@CR22]; Stevens et al. [@CR58]). The latest statistics on gambling in Australia released by the Queensland Government Statistician's Office also demonstrate that between 2016 and 2017, Australians gambled AUD \$209 billion and lost AUD \$24 billion, which represents a per capita loss of approximately AUD \$1300. These figures suggest that Australia has the highest gambling rates in the world. The severity of gambling in Australia is even more pronounced when compared to other countries that are well-known for gambling. For instance, gambling losses per adult in Australia are more than double those in the United States (US) and other Western countries (Queensland Government Statistician's Office [@CR50]).

We use data from the Household, Income and Labour Dynamics in Australia (HILDA) survey. Until recently, Australia has had limited data from which to research and hence understand the patterns of gambling behaviours within a population-based sample. Cross-sectional surveys have been conducted within Australia (see, e.g., the discussion by the Productivity Commission [@CR49]), but the trade-off in obtaining detailed information on gambling is that only limited socioeconomic data can be collected due to survey length and cost considerations. Other knowledge is extracted from data using clinical samples that, by definition, do not allow us to understand the consumption patterns of sub-clinical populations. The introduction of detailed gambling data (in 2015), in wave 15 of the HILDA survey, offers a unique opportunity to explore gambling expenditure in a rich, nationally representative household-level data set. Investigating population-based samples aids our understanding of how society, as a whole, is impacted by the increasing presence of gambling products in our communities and our daily lives.

Using the HILDA survey data, we measure ethnic diversity at the neighbourhood level, and focus on the Problem Gambling Severity Index (PGSI) as our main measure of gambling risk. We contribute to literature on the determinants of gambling (Baron and Dickerson [@CR9]; Gainsbury et al. [@CR26]; Savolainen et al. [@CR55]; Subramaniam et al. [@CR60]), and the implications of ethnic diversity (Akay et al. [@CR1]; Awaworyi Churchill [@CR6]; Dincer [@CR20]; Easterly and Levine [@CR24]). Our study also contributes to a small literature that examines ethnic differences in gambling rates (Chhabra [@CR14]; Raylu and Oei [@CR52]; Walker et al. [@CR67]). For instance, in the US, research has shown that Hispanic, Asian and Black adolescents spend significantly more on gambling than White adolescents (Volberg et al. [@CR66]), while in Australia, studies have found higher levels of gambling among Chinese residents than other residents (Oei and Raylu [@CR46]). Our study differs from these studies in that we do not focus on variations in gambling rates between ethnic groups. Accordingly, we present the first study examining how the level of ethnic diversity in a community influences gambling.

The next section presents an overview of the data and variables used in this study. Third section describes the empirical methods and fourth section presents the results. Fifth section concludes the study.

Data and Variables {#Sec2}
==================

Data used in this study are drawn from the HILDA survey. HILDA is a nationally representative longitudinal survey modelled on the British Household Panel Survey (now known as the Understanding Society study) and the US Panel Study of Income Dynamics. The survey commenced in 2001 with approximately 19,900 adults and children in 7682 households. The survey collects information on household demographics, social and economic characteristics, and a wide range of personal and attitudinal questions collected via a self-completed questionnaire (Watson and Wooden [@CR69]). As noted, wave 15 was the first time the gambling module was included in the HILDA survey, and thus, our study focuses on waves 1 to 15 of the HILDA survey.

Measuring Gambling Behaviour {#Sec3}
----------------------------

The gambling module in wave 15 of the HILDA survey consists of components relating to participation in gambling activities, expenditures on gambling and gambling problems. Consistent with the gambling literature (Awaworyi Churchill and Farrell [@CR7]; Korman et al. [@CR34]; Raisamo et al. [@CR51]), our main measures of gambling behaviour are based on the PGSI measure of gambling behaviours (Ferris and Wynne [@CR25]). The PGSI was designed to be an effective instrument for accessing problem gambling severity in population-based samples and has been extensively tested and validated (Currie et al. [@CR16]; Holtgraves [@CR32]; Orford et al. [@CR47]). The PGSI is based on a nine-item questionnaire that captures adverse consequences of gambling experienced and problematic gambling behaviour in the past 12 months. The nine items (shown in Table [9](#Tab9){ref-type="table"}) are rated on a four-point scale, where 0 represents 'never' and 3 represents 'almost always'. The PGSI is a sum of responses from the nine-item questionnaire and thus scores range from 0 to 27 with higher scores representing greater gambling problems. We use the PGSI scores as our first measure of gambling behaviour.

The second measure reflects problem gambling risk status based on risk thresholds. The existing literature assigns risk categories to gamblers based on their PGSI scores. This allows us to group survey respondents with similar risks of developing harmful gambling behaviours from low risk to high risk. Four risk groupings are identified: (1) non-problem gamblers; (2) low-risk gamblers; (3) moderate-risk gamblers; and (4) problem gamblers. Non-problem gamblers are identified as those who did not experience adverse consequences of gambling or engage in any problematic gambling behaviour in the past 12 months, and thus have a PGSI score of 0. Low-risk gamblers are those with PGSI scores of 1--2, moderate-risk gamblers are those with scores 3--7, and problem gamblers are those with PGSI scores of 8 or above. From this transformation of the continuous PGSI into risk categories, a four-point ordinal scale is created that captures the various risk spectrums such that 1 represents non-problem gamblers 2 represents low-risk gamblers, 3 represents moderate-risk gamblers and 4 represents problem gamblers. To examine the effects of social capital on the various risk spectrums, we also use four dummy variables reflecting respondents in each gambling risk spectrum as one of our model specifications.

Measuring Ethnic Diversity {#Sec4}
--------------------------

Our main measure of ethnic diversity is based on the fractionalisation index, which is the most commonly used measures of ethnic diversity in the literature, although in the robustness check, we also use the polarisation index. The ethnic polarisation index is argued to be an effective measure of ethnic diversity that takes into account the conflict dimension of diversity (Montalvo and Reynal-Querol [@CR45]).

The index of fractionalisation is calculated using the Herfindahl formula (Greenberg [@CR28]) as follows:$$\documentclass[12pt]{minimal}
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We define ethnic groups based on country of birth of respondent's father. The HILDA survey presents information that allows ethnic groups to be classified either based on country of birth or parent's (father's) country of birth. Studies such as Leigh ([@CR38]), which also generate indices of ethnic diversity for Australian neighbourhoods, define ethnic groups using respondents' country of birth. Our use of the country of birth of respondent's father has the advantage of capturing 'ethnicities' of respondents who were born to first generation migrants in Australia, although in sensitivity checks, we find that the nature of our results are not altered if we define ethnic groups using respondents' country of birth. Overall, we generate indices of ethnic diversity for 1850 neighbourhoods (postcodes). An alternative approach will be to use information from the Australian census to generate indices of diversity at the postcode level, which can then be merged with the HILDA dataset. However, this information is not available to us.

Using the same classification of ethnic groups use for the calculation of ethnic fractionalisation, we also generate indices of polarisation using the approach in Montalvo and Reynal-Querol ([@CR45]) as follows:$$\documentclass[12pt]{minimal}
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We take advantage of the longitudinal nature of the HILDA survey, and use measures of ethnic diversity that are averaged across the first 14 waves of HILDA. This approach presents the dual benefit of addressing potential measurement error issues of using ethnic diversity measures from just a single wave, while capturing persistence in ethnic diversity that is accumulated over time. We are not concerned with HILDA waves that come after the gambling module because it is not plausible that ethnic diversity in the future would influence gambling activity in the past.

Covariates {#Sec5}
----------

We control for a set of control variables consistent with the literature (Delfabbro and Thrupp [@CR19]; Gainsbury et al. [@CR26]; Layton and Worthington [@CR37]; Tan et al. [@CR61]) including gender, age, number of dependants, marital status, income (in log), employment status, educational status, disability status, drinking status, nationality, and residence location (dummy variable for respondents living in urban locations). In robustness checks, we also include additional control variables including personality traits and measures of financial risk averseness. Table [10](#Tab10){ref-type="table"} presents a description and summary statistics of variables.

In a potential channel analysis, we also use data on social capital drawn from the HILDA survey. Our measure of social capital reflects the dimensions of social cohesion and networking based on a six-item questionnaire. The six items, shown in Table [11](#Tab11){ref-type="table"} together with the associated response scales, measure how respondents strongly agree or disagree with sentiments about their neighbours and neighbourhood. The measure of social capital is the average of responses from the six items, with higher and lower scores representing higher and lower social capital, respectively.

Data for Instrumental Variable {#Sec6}
------------------------------

As discussed in further detail in the next section, we use measures of ethnic diversity, at the state level using information from the 1991 Australian population census, as instrument in two-stage least square regressions to deal with potential issues of endogeneity. Apart from this data which is drawn from the Australian Bureau of Statistics (ABS) databases, all other variables are taken or derived from the HILDA survey.

Econometric Specification and Methods {#Sec7}
=====================================

Our baseline estimates are based on the following equation:$$\documentclass[12pt]{minimal}
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OLS results may be biased in the presence of endogeneity. Endogeneity may emerge as a result of omitted variables or unobservable factors for which one cannot account. In the context of our analysis, this is plausible given the relatively low R-squared in the baseline model. We therefore adopt a two-stage least squares (2SLS) estimation approach to ensure results are robust to endogeneity. We instrument the average ethnic diversity at the postcode level using a measure of ethnic diversity at the state level based on 1991 (older) census information, which allows the instrument to operate as a lag. The logic underpinning the exclusion restriction is that historical measures of ethnic diversity should affect current levels of diversity, but should not be correlated with any unobserved factors that change contemporary attitude towards gambling. The existing literature has effectively used such lagged values to deal with endogeneity (Akay et al. [@CR1]; Glennerster et al. [@CR27]; Longhi [@CR41]). In the context of our study, we use information from the 1991 Australian census to generate indices of ethnic diversity at the state level. Historic geographic patterns within a state reflect patterns of neighbourhoods (postcodes) within the state and thus, historic state level diversity should be correlated with postcode-level diversity. However, diversity from more than 2 decades prior to the collection of the HILDA gambling module will not influence gambling behaviour. The use of state-level ethnic diversity to instrument for ethnic diversity has the added advantage of using a variable from a broader geographic area to instrument diversity at a lower geographic level given that the severity of endogeneity decreases with the geographic size (Dustmann and Preston [@CR23]).

We adopt the Lewbel ([@CR40]) 2SLS approach, which constructs internal instruments using heteroskedastic covariance restrictions as a further robustness check on our 2SLS results using external instruments. This approach has been used in the literature in the absence of external instruments or as a robustness check on findings using external instruments (Ambrey and Fleming [@CR2]; Awaworyi Churchill and Smyth [@CR8]; Millimet and Roy [@CR44]). This method does not require an exclusion restriction to be met but relies on heteroskedastic covariance restrictions to achieve identification (see, Lewbel [@CR40] for details). We combine our external instrument (i.e., lag of ethnic diversity at the state level) with internally generated instruments to increase the predictive power of our instruments and also ensure robustness to endogeneity.

Results {#Sec8}
=======

Table [1](#Tab1){ref-type="table"} reports baseline results for the association between ethnic diversity (measured by fractionalisation) and gambling. Column 1 reports results for effects on the PGSI scores while Column 2 reports results for effects on the gambling risk categorisations. From Column 1, we find that a standard deviation increase in ethnic diversity is associated with an increase of 0.016 standard deviations in gambling behaviour measured by the PGSI score. Here, a unit change in ethnic diversity generates a 10.2% change in PGSI score. From Column 2, we find a positive coefficient on ethnic diversity, although it is statistically insignificant.Table 1Ethnic diversity and gambling (baseline results)(1)(2)PGSIRisk statusEthnic diversity0.102\*0.022(0.060)(0.018)\[0.016\]\[0.011\]Male0.187\*\*\*0.075\*\*\*(0.025)(0.008)Age− 0.0000.000(0.001)(0.000)Dependants− 0.018− 0.008\*(0.013)(0.004)Separated0.1150.043(0.080)(0.029)Divorced0.235\*\*\*0.064\*\*\*(0.079)(0.020)Widowed− 0.057− 0.009(0.050)(0.019)Single0.0570.017(0.047)(0.013)Income− 0.060\*\*\*− 0.023\*\*\*(0.020)(0.007)Employed0.0170.005(0.033)(0.010)Postgraduate− 0.259\*\*\*− 0.101\*\*\*(0.040)(0.013)Graduate Diploma− 0.183\*\*\*− 0.070\*\*\*(0.042)(0.013)Bachelor− 0.150\*\*\*− 0.058\*\*\*(0.038)(0.011)Diploma− 0.137\*\*\*− 0.046\*\*\*(0.039)(0.013)Certificate0.0170.014(0.038)(0.012)Disability0.0550.016(0.035)(0.010)Australian− 0.028− 0.012(0.030)(0.009)Urban0.088\*\*0.042\*\*\*(0.036)(0.011)Alcohol− 0.039− 0.026\*\*\*(0.034)(0.010)Constant0.883\*\*\*1.332\*\*\*(0.249)(0.079)State fixed effectYesYesObservations14,06114,061R-squared0.0130.019Reference category for marital status are those married or in a de facto relationship, for educational status it is those whose highest education level is year 12 or below, and for employment status it is those unemployed or not in the labour forceRobust standard errors in parentheses. Standardised coefficients in brackets\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

The coefficients on the included covariates reveal some noteworthy findings. For instance, male respondents are associated with higher problem gambling risk than females. Being divorced and living in urban areas are associated with higher gambling risk while higher levels of income and education are associated with lower risks of gambling harms. These findings are consistent across subsequent regressions that are reported.

Table [2](#Tab2){ref-type="table"} presents the 2SLS results that address endogeneity. Columns 1 and 2 report results from 2SLS regressions that use lagged diversity as the instrument. Columns 3 and 4 report findings from Lewbel 2SLS regressions that combine the external instrument (i.e., the lag of ethnic diversity) with internally generated instruments. We find that endogeneity causes a considerable downward bias in the OLS results given that, across all panels, the 2SLS estimates are considerably higher than the OLS estimates. Specifically, from Columns 1 and 2, we find that a standard deviation increase in ethnic fractionalisation is associated with increases of 0.190 and 0.204 standard deviations in gambling behaviour measured by the PGSI score and gambling risk, respectively. Similarly, from Columns 3 and 4, a standard deviation increase in ethnic fractionalisation is associated with a 0.121 standard deviation increase in gambling behaviour measured by the PGSI score, and 0.144 standard deviation increase in gambling behaviour measured by gambling risk. Overall, these results suggest that higher levels of ethnic diversity is associated with more risky gambling behaviour. Thus, neighbourhood ethnic diversity should be thought of as an environmental factor that can contribute to Behavioural Conditioned pathways to problem gambling.Table 2Ethnic diversity and gambling (IV results)Variables(1)(2)(3)(4)PGSIRisk statusPGSIRisk statusEthnic diversity1.246\*\*\*0.415\*\*\*0.790\*\*0.292\*\*(0.442)(0.140)(0.352)(0.116)\[0.190\]\[0.204\]\[0.121\]\[0.144\]Controls?YesYesYesYesState fixed effectYesYesYesYesObservations14,06114,06114,06114,061*First stage*Instrument0.318\*\*\*0.339\*\*\*(0.020)(0.021)F-statistics248.2319.92F *p* value0.00000.0000J statistic--15.958/16.080J *p* value--0.3848/0.3767Columns 1 and 2 report 2SLS results using lagged diversity as instrumentColumns 3 and 4 report Lewbel 2SLS results using external and internal instrumentsRobust standard errors in parentheses. Standardised coefficients in brackets\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

Sensitivity Checks {#Sec9}
------------------

In this section, we conduct a series of tests to examine the sensitivity of our results. First, we examine the effects of ethnic diversity on the different gambling risk spectrums based on the PGSI scores. The ordinal scale of gambling risk categorises gamblers as non-problem gamblers, low-risk gamblers, moderate-risk gamblers and problem gamblers. We use a dummy variable for each risk category and run logit regressions to examine the effects of ethnic diversity on respondents in each risk category. Table [3](#Tab3){ref-type="table"} reports results for this exercise. Columns 1, 2, 3 and 4 report results for the effects of ethnic diversity on non-problem gamblers, low-risk gamblers, moderate-risk gamblers and problem gamblers, respectively. Although the coefficient on ethnic diversity is statistically insignificant in Columns 1 and 2, we find that higher levels of ethnic diversity are associated with the probability of being a moderate-risk and problem gambler. The magnitude of the coefficients on ethnic diversity in Columns 3 and 4 suggests that the ethnic diversity has the strongest effect on problem gambling. Specifically, a unit increase in ethnic diversity generates a 28.7 and 50.2 percentage point changes in the probability of being a moderate-risk and problem gambler, respectively.Table 3Effects across risk spectrums(1)(2)(3)(4)No problemLow riskMedium riskProblem gamblerEthnic diversity0.027− 0.1970.287\*\*0.502\*\*\*(0.153)(0.207)(0.138)(0.179)Controls?YesYesYesYesState fixed effectYesYesYesYesObservations14,06114,06114,06114,061Robust standard errors in parentheses\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

Second, we examine the robustness of our results to an alternative estimation method that treats the PGSI scores and risk category variables as ordinal. Consistent with the literature, our baseline results are based on OLS regressions. However, given the ordinal nature of the PGSI scores and risk category variables, one could argue in favour of ordered logits as a more appropriate estimation method. To ensure that our results are robust to the choice of estimation methods that treat gambling measures either as ordinal or cardinal, we also conduct ordered logit estimations. Results for this alternative estimation approach are reported in Panel A of Table [4](#Tab4){ref-type="table"}. We find that ordered logit estimates reinforce the positive effect of ethnic diversity on gambling.Table 4Ethnic diversity and gambling (sensitivity checks)(1)(2)PGSIRisk statusPanel A: ordered logit regressions Ethnic diversity0.268\*0.199\*\*(0.137)(0.089) Observations14,06114,061Panel B: Australian sub-sample Ethnic diversity0.200\*\*\*0.082\*\*\*(0.054)(0.016) Observations10,11010,110Panel C: non-Australian sub-sample Ethnic diversity0.132\*\*\*0.056\*\*(0.038)(0.028) Observations39513951Panel D: control for personality and financial risk Ethnic diversity0.096\*0.039\*\*(0.049)(0.019) Extraversion0.0080.007\*(0.011)(0.004) Agreeableness− 0.0130.000(0.018)(0.006) Conscientiousness− 0.041\*\*\*− 0.013\*\*(0.015)(0.005) Emotional stability− 0.126\*\*\*− 0.048\*\*\*(0.016)(0.005) Openness− 0.051\*\*\*− 0.022\*\*\*(0.014)(0.005) Financial risk0.268\*\*\*0.084\*\*\*(0.036)(0.009) Observations11,27511,275All regressions include the usual control variables and state fixed effectsRobust standard errors in parentheses\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

Third, it is likely that certain ethnic groups (e.g., minority groups) may gamble more than others, and thus it is important to control for ethnicity. In the context of our study, given that HILDA does not report information on ethnicities, we control for nationality (i.e., Australian vs non-Australian). While the coefficient on the nationality dummy shows no statistically significant difference between Australians and non-Australians with regards to PGSI scores and risk status, we further disaggregate our data into the two sub-samples (i.e., Australians and non-Australians) to examine if the impact of ethnic diversity is different across both sub-samples.[1](#Fn1){ref-type="fn"} Panels B and C of Table [4](#Tab4){ref-type="table"} report results for the Australian and non-Australian sub-samples, respectively. While the effects of ethnic diversity on gambling remains positive and significant in both sub-samples, we observe that the effects are stronger in the case of Australian sub-sample. This suggests that the impact of ethnic diversity on gambling is relatively more severe for Australians.

Fourth, we examine the sensitivity of our results to the inclusion of additional covariates in our baseline model. In one of the earliest models on the determinants of gambling, Jacobs ([@CR33]) argues that personality traits significantly influence gambling behaviour. We take advantage of the 'Big-Five' Personality Inventory administered in waves 5, 9 and 13 of the HILDA survey to examine if the inclusion of these personality traits as additional covariates in our baseline model will influence the effect of ethnic diversity. To control for financial risk, we also take advantage of the HILDA 'financial risk' question that provides information on the amount of financial risk that respondents are willing to take with spare cash. Panel D of Table [4](#Tab4){ref-type="table"} reports results for regressions in which we control for the Big-Five and financial risk. We find that while the coefficients on ethnic diversity remain positive, compared to the baseline results, the magnitude of the coefficient is relatively smaller. This finding could be because the impact of ethnic diversity is partly mediated by personality traits. Future research can examine this mediating role in more detail.

Next, we examine the robustness of our results to alternative ways of measuring gambling. The gambling module in the HILDA survey asked respondents about 10 gambling activities and the average monthly expenditures associated with these activities. We calculate an annual gambling expenditure variable using this information and deflate this with income to generate a variable that captures the annual gambling expenditure share of income. We also generate a second gambling variable, which is the sum of gambling activities in which respondents engage. We use these two variables as alternative measures of gambling to examine the effects of ethnic diversity. Results reported in Table [5](#Tab5){ref-type="table"} show that ethnic diversity is associated with an increase in (1) the number of gambling activities respondents engage in; and (2) the share of gambling expenditure to income. Specifically, we find that a unit increase in ethnic diversity is associated with a 0.5% increase in the share of gambling expenditure to income, and an 11% change in the number of gambling activities respondents engage in.Table 5Alternative measures of gambling(1)(2)ExpenditureActivitiesEthnic diversity0.005\*\*\*0.110\*\*\*(0.002)(0.037)Controls?YesYesState fixed effectYesYesObservations14,06114,061Robust standard errors in parentheses\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

In a final check, we examine the robustness of our results to an alternative way of measuring ethnic diversity. A well-known alternative to the index of ethnic fractionalisation is the index of ethnic polarisation, which captures the conflict dimension of diversity. Thus, we examine the robustness of our results to the use of the polarisation index. Further, our main set of results are based on ethnic diversity measures where ethnicity is defined based on the country of birth of respondent's father. Here, we examine the sensitivity of our results to defining ethnicity based on: (1) respondent's country of birth, and (2) the country of birth of respondent's father. Table [6](#Tab6){ref-type="table"} reports results for the effects of these alternative measures of ethnic diversity. We find that the effects of ethnic diversity on gambling are not sensitive to the measure of ethnic diversity given that the positive effects of ethnic diversity on gambling are consistent albeit with varying effect sizes.Table 6Alternative measures of ethnic diversity(1)(2)PGSIRisk statusPanel A: effects of ethnic polarisation Polarisation0.190\*\*\*0.076\*\*\*(0.025)(0.008) Observations14,06114,061Panel B: ethnicity defined by respondent's country of birth Ethnic diversity0.098\*\*\*0.037\*\*\*(0.019)(0.006) Observations14,06114,061Panel C: ethnicity defined by mother's country of birth Ethnic diversity0.187\*\*\*0.075\*\*\*(0.025)(0.008) Observations14,06114,061All regressions include the usual control variables and state fixed effectsRobust standard errors in parentheses\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

Social Capital as a Channel of Influence {#Sec10}
----------------------------------------

As discussed in "[Introduction](#Sec1){ref-type="sec"}" section, social capital is an important channel that links ethnic diversity to gambling. Thus, in this section, to inform our policy recommendations, we empirically test the potential role of social capital as a channel linking ethnic diversity to gambling. For social capital to qualify as a channel of influence, in addition to being correlated with ethnic diversity, it should also be correlated with gambling, and the inclusion of social capital as an additional covariate in the regression linking gambling to ethnic diversity should decrease the magnitude of the coefficient on ethnic diversity or render it statistically insignificant.

Our measure of social capital is based on the six-item scale discussed in "[Covariates](#Sec5){ref-type="sec"}" section. Table [7](#Tab7){ref-type="table"} reports results for the effects of ethnic diversity on social capital. Given that the inclusion of social capital reduces the number of observations, we also report results for the effects of ethnic diversity on gambling behaviour using the reduced number of observations to ensure the potential channel analysis is based on the same sample. Thus, Column 1 of Table [7](#Tab7){ref-type="table"} reports results for effects of ethnic diversity on social capital while Columns 2 and 3 report effects on PGSI and risk status, respectively. Results suggest that an increase in ethnic diversity is associated with lower social capital. Consistent with our main results (i.e., full sample), results from the reduced sample also show that ethnic diversity is positively associated with gambling behaviour.Table 7Effects of ethnic diversity (potential channel analysis)Variables(1)(2)(3)Social capitalPGSIRisk statusETHFRAC− 0.219\*\*\*0.103\*0.022\*(0.032)(0.060)(0.011)\[− 0.061\]\[0.018\]\[0.019\]ControlsYesYesYesState fixed effectYesYesYesObservations13,97013,97013,970All regressions include the usual control variables and state fixed effectsRobust standard errors in parentheses. Standardised coefficients in brackets\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

In Table [8](#Tab8){ref-type="table"}, we include social capital as an additional covariate in the gambling regressions. Columns 1 and 2 report results for the effects on PGSI and risk status, respectively. Consistent with expectation, we find that social capital is associated with a decline in gambling. We also find that the inclusion of social capital as an additional covariate reduces the magnitude of the coefficient on ethnic diversity in both columns as well as renders them statistically insignificant. These results, viewed together, suggest that social capital is a potential channel through which ethnic diversity influences gambling behaviour.Table 8Effects of social capital (potential analysis)Variables(1)(2)PGSIRisk statusETHFRAC0.0670.005(0.066)(0.020)\[0.010\]\[0.003\]Social capital− 0.086\*\*\*− 0.029\*\*\*(0.017)(0.005)\[− 0.048\]\[− 0.051\]ControlsYesYesState fixed effectYesYesObservations13,97013,970All regressions include the usual control variables and state fixed effectsRobust standard errors in parentheses. Standardised coefficients in brackets\*\*\**p* \< 0.01; \*\**p* \< 0.05; \**p* \< 0.1

Conclusion {#Sec11}
==========

This study has sought to examine whether neighbourhood variations in ethnic diversity across Australia can explain differences in individual gambling behaviour. Based on data from the Household, Income and Labour Dynamics in Australia (HILDA) survey, we answer this question using different measures of ethnic diversity and gambling behaviours. Across different empirical specifications, we find that ethnic diversity is positively associated with gambling behaviours.

Ethnic diversity brings many benefits including increased innovation and productivity, and this is particularly true for a diverse society such as Australia. Our findings, therefore, point to the need for policies that mitigate the negative effects of diversity on social capital. Indeed, as local communities become more diverse, individuals are presented with increased opportunities to interact with people of different ethnic groups with different cultures, practices and beliefs. This should be viewed as an opportunity to facilitate intergroup cooperation that builds social cohesion rather than discrimination. As a multicultural society, it is important to foster greater tolerance through relevant education policies that help individuals embrace each other's differences. This forges stronger bonds that discourage social exclusion, which is likely to provoke or nurture gambling behaviour. Our results also suggest the need for multicultural gambling education in highly diverse communities.

The results suggest that ethnic diversity is an important factor in understanding Behavioural Conditioned pathways to problem gambling and thus adds new knowledge to the Blaszczynski and Nower ([@CR10]) pathways model of problem gambling. We also contribute to the body of literature that examines the role of environmental factors as determinants for gambling behaviours. This research is important as there are clear regulation and policy actions that can be taken to address local area factors and help reduce the number of problem gamblers in our communities.

Appendix {#Sec12}
========

See Tables [9](#Tab9){ref-type="table"}, [10](#Tab10){ref-type="table"} and [11](#Tab11){ref-type="table"}.Table 9Items used in the Problem Gambling Severity IndexNow thinking about the last 12 months ...Never (0)Sometimes (1)Most of the time (2)Almost always (3)1Have you bet more than you could really afford to lose?2Have you needed to gamble with larger amounts of money to get the same feeling of excitement?3When you gambled, did you go back another day to try and win back the money you lost?4Have you borrowed money or sold anything to get money to gamble?5Have you felt that you might have a problem with gambling?6Has gambling caused you any health problems, including stress or anxiety?7Have people criticised your betting or told you that you had a gambling problem, regardless of whether or not you thought it was true?8Has your gambling caused any financial problems for you or your household?9Have you felt guilty about the way you gamble or what happens when you gamble?Table 10Description and summary statistics of variablesVariableDescriptionsMeanSDEthnic diversityIndex of ethnic fractionalisation0.4920.237PolarisationIndex of ethnic polarisation0.6820.244PGSIProblem Gambling Severity Index Scores (9-item scale with maximum score of 27)0.2901.515Risk status1--4 gambling risk scale based on PGSI scores. 1 means 'non-problem gambler', 2 means 'low risk gambler', 3 means 'moderate-risk gambler', 4 means 'problem gambler'1.1220.469No problemDummy variable if respondent is a PGSI non-problem gambler (PGSI score 0)0.9240.265Low-riskDummy variable if respondent is a PGSI low-risk gambler (PGSI score 1 or 2)0.0400.197Medium-riskDummy variable if respondent is a PGSI moderate-risk gambler (PGSI score 3 to 7)0.0250.156Problem gamblerDummy variable if respondent is a PGSI problem gambler (PGSI score 8 or above)0.0110.102ExpenditureGambling related expenditure as a share of income0.0090.031ActivitiesNumber of gambling activities respondent participated in within the last 12 months0.6010.957AgeAge of respondent45.52218.907MaleDummy variable if respondent is male0.4660.499FemaleDummy variable if respondent is female0.5340.499DependantsNumber of dependents in household aged 0--240.5770.997SeparatedDummy variable if respondent is separated0.0260.159DivorcedDummy variable if respondent is divorced0.0600.238WidowedDummy variable if respondent is widowed0.0470.212SingleDummy variable if respondent is single0.2420.428Married/de factoDummy variable if respondent is married or in a de facto relationship0.6250.484IncomeLog of household income11.2550.729EmployedDummy variable if respondent is employed0.6280.483UnemployedDummy variable if respondent is unemployed0.0460.211Not in Labour ForceDummy variable if respondent is not in labour force0.3260.469PostgraduateDummy variable if respondent's highest education level achieved is masters or doctorate0.0520.223Graduate diplomaDummy variable if respondent's highest education level achieved is graduate diploma or certificate0.0560.230BachelorDummy variable if respondent's highest education level achieved is bachelor or honours0.1420.349DiplomaDummy variable if respondent's highest education level achieved is advanced diploma or diploma0.0940.292CertificateDummy variable if respondent's highest education level achieved is certificate I, II, III or IV0.2260.418Year 12Dummy variable if respondent's highest education level achieved is year 12 or below0.4300.358DisabilityDummy variable if respondent is disabled or has a long-term illness0.2420.428AlcoholDummy variable if respondent drinks alcohol0.2020.401AustralianDummy variable if respondent is Australian0.5560.497UrbanDummy variable if respondent lives in an urban area0.8730.333ExtraversionBig 5 extraversion personality trait4.4451.019AgreeablenessBig 5 agreeableness personality trait5.4010.841ConscientiousnessBig 5 conscientiousness personality trait5.0840.955Emotional StabilityBig 5 emotional stability personality trait5.1671.001OpennessBig 5 openness personality trait4.2320.988Financial riskOrdinal scale of financial risk (reverse coded). 1 means 'Takes substantial risks expecting substantial returns', 2 means 'Takes above-average risks expecting above-average returns', 3 means 'Takes average financial risks expecting average returns', 4 means 'Not willing to take financial risks'3.5700.662Table 11Items used in the social capital composite scaleHow common are the following things in your local neighbourhood? ...Response scales1Neighbours helping each other outNever happens (1), very rare (2), not common (3), fairly common (4), very common (5)2Neighbours doing things togetherNever happens (1), very rare (2), not common (3), fairly common (4), very common (5)To what extent do you agree or disagree with the following statements about your neighbourhood? ...3This is a close-knit neighbourhoodStrongly disagree (1) ... strongly agree (7)4People in this neighbourhood can be trustedStrongly disagree (1) ... strongly agree (7)5People in this neighbourhood generally do not get along with each other (reverse coded)Strongly disagree (1) ... strongly agree (7)6People in this neighbourhood generally do not share the same values (reverse coded)Strongly disagree (1) ... strongly agree (7)
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